Objective: The gut microbiome is affected by a number of factors, including the innate and adaptive 12 immune system. The major histocompatibility complex (MHC), or the human leukocyte antigen 13 (HLA) in humans, performs an essential role in vertebrate immunity, and is very polymorphic in 14 different populations. HLA determines the specificity of T lymphocyte and natural killer (NK) cell 15 responses, including against the commensal bacteria present in the human gut. Thus, it is likely that 16
Introduction 41
The gut microbiota is essential for the existence of the mammalian host and performs crucial 42 functions, such as nutrition and colonization resistance against pathogens (Kamada, 2013; Lawley & 43 Walker, 2013) . In addition, commensal bacteria shape host immunity (Hill & Artis, 2010; Renz et al., 44 2012) : Commensal bacteria influence the development and homeostasis of the immune system, and 45
in the absence of a gut microbiome the innate and adaptive immune system is impaired 46 (Sonnenberg & Artis, 2012) . These functions are fulfilled by the 10 13 -10 14 bacteria making-up the 47 human gut microbiome of a typical adult (Sender et al., 2016) . The composition of the gut 48 microbiota varies substantially over the human population (The Human Microbiome Project 49 Consortium, 2012; Eckburg et al., 2005) , and numerous exogenous and intrinsic factors are proposed 50 to influence the microbial community composition leading to observed microbiome diversity (Falony 51 et al., 2016; Zhernakova et al., 2016) . These factors include dietary components, mode of delivery 52 during birth, breastfeeding, disease history, and host genetics (Belkaid & Hand, 2014; Bonder et al., 53 2016; Goodrich et al., 2016 Goodrich et al., , 2014 Kolde et al., 2018) . Studies with monozygotic twins have 54
highlighted the importance of host genetics in shaping the microbiome (Reyes et al., 2010; Zhou et 55 al., 2016) , where the immune system is thought to be one of the most important contributing 56
factors (Khan et al., 2019) . 57 58
In recent years, numerous factors have been shown to cover a part of the interindividual variation 59 observed in the microbiome (Zhernakova et al., 2016) . However, the largest section of population 60 diversity is still unexplained. To obtain a better understanding of the microbiome composition and 61 functionality, a comprehensive list of associated factors is a requirement. A well-known but not fully 62 explored mechanism influencing the microbiome is the immune system (Khan et al., 2019; Mao et 63 al., 2018; van Baarlen et al., 2009) . Conversely, the microbiota also imprints its signature on the host 64 immune system, e.g. by influencing the abundances of mucosal-associated invariant T cells by 65 exposure to microbial antigens (Constantinides et al., 2019) . Immune response related factors that 66 generate variation between microbiomes are likely to come from polymorphic immune molecules, 67
as they also vary between individuals. 68 69
Major Histocompatibility Complex (MHC) genes, known as the human leukocyte antigen (HLA) genes 70
in humans, are one of the most polymorphic genes found in vertebrates (Mungall et al., 2003; 71 Robinson et al., 2015) . They encode cell surface glycoproteins that present antigens to T cells: the 72 class I molecules present intracellular antigen to CD8+ T cells (Rock et al., 2016) , while the class II 73
HLA molecules present extracellular antigen to CD4+ T cells. Through cross presentation, the display 74 of extracellular antigen on MHC class I is also observed (Heath & Carbone, 2001; Joffre et al., 2012) . 75
Together these molecules form the first essential step in the generation of an adaptive immune 76 response. Influence of the MHC haplotype on the microbiome has been observed in mice (Khan et 77 al., 2019; Kubinak et al., 2015; Lin et al., 2014; Toivanen et al., 2001) and in stickleback (Bolnick et al., 78 2014) . In humans, specific polymorphisms in the HLA region have been associated to several 79 common infections (Tian et al., 2017) and in a recent genome-wide association study of over 1,500 80 individuals two out of the nine genetic variants associated to the microbiome composition were 81 within the HLA region (Bonder et al., 2016) . An association with microbiome composition has been 82 observed for the HLA-DQ gene in relation to Coeliac disease (Palma et al., 2010; Olivares et al., 83 2015) . 84 85
Here we analyse 3,002 human gut microbiome datasets and find that (i) HLA zygosity correlates with 86 microbiome diversity, (ii) HLA haplotype similarity correlates with microbiome diversity. Importantly, 87
functionally stratifying individuals on the basis of HLA-presented peptides improved the association 88 with microbiome similarity. Overall, these results provide the first statistical support for the 89 functional association between HLA and the gut microbiome in humans. 90
Results and discussion

91
Mining gut microbiome datasets. To link the HLA haplotype to microbiome composition of 92 individuals, we simultaneously determined the presence of human HLA genes and bacterial small 93 subunit (SSU) rRNA genes in human intestinal samples. We composed a combined reference 94 database consisting of HLA gene sequences and SSU ribosomal RNA sequences and used this to map 95 3,002 gut microbiome datasets extracted from the sequence read archive (SRA). As expected, we 96 observed a large diversity in the number of HLA reads recovered from the different datasets 97
( Supplementary Figure 1 , Supplementary Table 1 and 2). This could be due to differences in 98 sequencing techniques between studies or individual variation. For 127 and 309 individuals, we 99 could predict the complete HLA haplotype for the classical HLA class I (HLA-A, HLA-B and HLA-C) and 100
HLA class II (HLA-DP, HLA-DQ and HLA-DR) genes, respectively (Figure 1 , details of this procedure are 101 explained in the Methods section). 102
103
Within the successfully HLA-haplotyped groups, most HLA reads were mapped to the HLA-A, HLA-C 104 and HLA-DRB1 genes ( Figure 1A ). HLA class I is expressed in all nucleated cells; while HLA class II 105 expression is restricted especially to antigen presenting cells (APCs) (Rock et al., 2016) . Therefore, 106
we expected a higher number of reads mapping to HLA class I in human gut datasets, but the 107 difference between HLA class I and II reads is not significant (P=0.17, two-sample KS test). The 108 observation of similar read counts between HLA class I and II may be explained by a large number of 109 lymphocytes being present in the gut as a part of mucosal immunity (McDermott & Huffnagle, 2014) . 110
Moreover, intestinal epithelial cells also express MHC class II (Wosen et al., 2018) , and HLA class I 111 and class II expression levels vary across different cell types (Handunnetthi et al., 2010; Johnson, 112 2000) . Further differences in the gene expression pattern of gut associated cell types, as well as 113 stochastic differences in e.g., sampling and analysis protocols, might contribute to the observed 114 variation in HLA mapped reads between the SRA datasets. We observed a high frequency of HLA 115 heterozygosity and low frequency of homozygosity for any of the HLA genes ( Figure 1B ), consistent 116
with the high polymorphism of HLA genes in the population (Maiers et al., 2007) . 117 118
Inferred HLA prevalence reflect the Caucasian population profile. As a quality assessment of our 119 HLA typing method from gut microbiome datasets, the population allele frequencies of the HLA class 120 I and class II groups were compared to the HLA prevalence in the National Marrow Donor Program 121 The frequency distribution of HLA class I in our data set is similar to that in the NMDP database 123 (Pearson's r=0.806, r=0.726, r=0.812, HLA-A, HLA-B, and HLA-C, respectively), but the frequency 124 distribution of HLA class II less so (Pearson's r=0.537, r=0.127, HLA-DQB1 and HLA-DRB1, 125 respectively) (Supplementary Figure 4A-E). All genes except HLA-C had zygosity frequencies that 126
were consistent with the NMDP data (Supplementary Figure 4F) . Together, the HLA haplotypes 127
(especially for class I molecules) predicted from public human gut microbiome samples showed a 128 similar allele frequency distribution and zygosity when compared to the NMDP data, providing 129 support for our HLA typing approach. 130 131
Microbiome alpha diversity is higher in individuals with homozygous HLA alleles. To investigate 132
how HLA diversity and microbiome diversity are related, we tested first the effect of HLA 133 heterozygosity on the alpha diversity of the gut microbiota. For this analysis, we used a subset of 134 datasets of which we could reliably determine the full zygosity of all HLA class I or II genes (n=60 and 135 n=205, respectively). Although we found only very few individuals who were fully homozygous for all 136
HLA genes, we observed a significantly higher microbiome richness in homozygous individuals than 137 in individuals with one or more heterozygous HLA class I genes ( Figure 2A ). Moreover, we observed a 138 trend for a decrease of the richness as the homozygosity decreases ( Figure 2A ). Similar results were 139 obtained for HLA class II ( Supplementary Figures 5E-F) . We also investigated the correlation between 140
HLA zygosity and microbiome evenness, but this yielded inconsistent results (Supplementary Figure  141 5A-D). 142 143 144 Figure 2 | The influence of HLA zygosity on gut microbiome alpha diversity. Violin box plots of the Margalef's richness index for datasets grouped on the number of heterozygote HLA class I genes. Hypothesis one-sided two sample Kolmogorov-Smirnov test: individuals with 0 heterozygote genes richness is higher than other groups. P-values of Kolmogorov-Smirnov test between the other groups in Supplementary Figure 5G .
Next, we analysed whether the zygosity effect on alpha diversity is equally distributed over the HLA 145 class I genes. For HLA class I genes, individuals homozygous for HLA-B genes had a higher richness 146 compared to HLA-A and HLA-C ( Figure 3 ). We did not find a significant difference among the HLA 147 class II genes (Supplementary Figure 6A ). Association between the gut microbiome and HLA-B was 148 observed previously (Bonder et al., 2016; Lin et al., 2014) and is consistent with HLA-B being the 149 immunodominant MHC class I gene (Bihl et al., 2006; Lacey et al., 2003; Lewinsohn et al., 2007; 150 Weiskopf et al., 2011) and the most polymorphic one (Robinson et al., 2015) . We also observed a 151
higher microbiome evenness associated with HLA-DQB1 homozygosity (significant) and HLA-B 152 homozygosity (trend) ( Supplementary Figure 6B -C). 153
Individuals with similar HLA genes have similar microbiomes. We next asked if a higher microbiome 154 similarity was observed in individuals who shared more HLA alleles. To do this, we determined the 155 similarity in microbiome composition for pairs of datasets that were stratified by the number of 156 shared HLA class I alleles ( Supplementary Figure 7) . As expected, microbiome similarity was 157 generally higher between individuals who shared more HLA alleles, although the effect size was 158 modest, possibly as a result of the low number of sample pairs with highly similar HLA profiles. 159 160
We expect that two individuals with the same HLA molecules may have similar immune control of 161 their microbiome. However, the opposite is not true, i.e., individuals with different sets of HLA 162 molecules can nevertheless generate similar immune responses because different HLA molecules 163 may have similar binding motifs. To address this issue of functional similarity, HLA molecules have 164 been grouped into supertypes, consisting of HLA molecules that present similar peptides on the cell 165 surface (Sidney et al., 2008) . In a first attempt to represent the functional similarity in HLA between 166 individuals and increase statistical power at this highly polymorphic gene, we performed association 167 analyses at the level of HLA supertypes. While this increased the number of sample pairs with similar 168
HLA profiles, the relation between HLA zygosity and microbiome alpha diversity was lost 169
( Supplementary Figure 8 ). This may be because the HLA supertypes are a very generalized 170 representation of HLA molecules, while the functional effects of the HLA molecules on the 171 microbiome composition are likely very specific (van Deutekom & Keşmir, 2015) . 172 173
In a second attempt to quantify the functional similarity with respect to HLA between individuals, we 174 devised a novel approach by focusing on the peptides presented by the HLA molecules. To do this, 175
we used NetMHCpan4.0, a state-of-the-art peptide-MHC binding affinity prediction tool (Jurtz et al., 176 6 2017) to predict the binding affinity of over two million gut bacterial oligopeptides to the HLA class I 177 molecules. The peptides were extracted from the human gut catalog (Li et al., 2014) in order to best 178 represent the HLA functionality in the context of their potential response to the human gut 179 microbiome. This approach allowed us to calculate a Presented Peptidome Similarity Score (PPSS) 180
between the HLA haplotypes of each pair of individuals (see Methods). Individuals with a high PPSS 181
present very similar peptides, while individuals with a low PPSS present different peptides. When we 182 stratified pairs of individuals by PPSS, we observed a significantly higher microbiome similarity for 183 pairs with high PPSS (Figure 4 ). where fish with more diverse MHC class II molecules had a less diverse gut microbiome (Bolnick et 196 al., 2014) . We focused our analysis on HLA class I molecules because the imputed HLA class II 197 haplotypes did not match the expected population profile ( Supplementary Figure 4) , but we expect 198
to find similar results with HLA class II haplotypes. , 1997; Petersdorf et al., 1999) . Because we 210
found the strongest homozygosity effect on the gut microbiome for HLA-B (Figure 3 ), it will be of 211 interest to dissect the association between HLA-B or MIC-A/B and the microbiome in large, well-212 controlled cohorts (Falony et al., 2016; Wijmenga & Zhernakova, 2018; Zhernakova et al., 2016) . 213 214
Above, we presented the first statistical evidence in humans that HLA significantly affects the 215 composition of the gut microbiota, in line with previous results in other animals (Khan et al., 2019; 216 Kubinak et al., 2015; Mao et al., 2018) . We expect that the immune system may be one of the most 217 important genetic factors influencing the microbiome (Bonder et al., 2016; Goodrich et al., 2014) . As 218
HLA is a readily measurable parameter of the immune system, the exploration of HLA and HLA-219 driven peptide presentation opens the door for incorporating these factors into future predictive 220 models of the gut microbiome (Falony et al., 2016; Zhernakova et al., 2016) . 221 222 8
Materials and Methods
223
Human gut microbiome datasets 224
We retrieved 3,002 human gut datasets from 37 different Bio Projects from the public Sequence 225
Read Archive (SRA) database (Leinonen, Sugawara, Shumway, & International Nucleotide Sequence 226
Database Collaboration, 2011). Datasets were collected using "metatranscriptome" search terms 227 (Table 1) , but due to inconsistencies in SRA metadata annotation, our selection included 750 228 metagenomes as well. Microbiome and HLA haplotype profiling are performed on both data types. 229
Repeating the analyses with the subset of 2,250 metatranscriptomes, led to a steep decrease in the 230 number of paired individuals with highly similar HLA profiles and loss of signal, and therefore we 231 decided to continue with the original dataset. Metadata fields are listed in Supplementary Tables 1-232 2. A full list of dataset identifiers may be requested from the authors. We are grateful to the 233 associated studies for making these data available for reuse. 234
Search term
Filter All sequence runs were pre-processed as follows. Datasets were downloaded using prefetch (version 236 2.9.2) utility and SRA data was converted to fastq files using fastq-dump (version 2.9.2), both from 237 the SRA toolbox. The quality of the reads was assessed using FastQC (version 0.11.8, S. Andrews, 238 2010) and reads where trimmed using AdapterRemoval (version 2.1.7, Schubert et al., 2016) . For 239 studies with multiple datasets from the same individual, we randomly selected one dataset to 240 include in our analysis to avoid biasing the dataset with intra-individual sample comparisons. 241 242
Mapping reads to a composite reference database 243
To assess the microbiome composition and the HLA haplotype at once, reads were mapped with 244 BWA-MEM (version 0. Robinson, et al., 2015) . 16S reads were 247
analysed to obtain the bacterial composition of each dataset. Only bacterial OTUs with a relative 248 abundance 0.0001 were taken into account. Successively, the datasets should contain 1,000 16S 249 reads. We developed a sorting scheme for multi-mapping reads, which were divided across target 250 sequences as a fraction of the number of primary mapping (unique) reads (Clausen et al, 2018; 251 Coutinho et al., 2017; Iverson et al., 2012) . 252 253
HLA imputation 254
We performed two-digit HLA haplotyping on the classical HLA loci (HLA-A, HLA-B, HLA-C, HLA-DR, 255
HLA-DP and HLA-DQ). Although we expect a maximum of two alleles for each gene (Rock et al., 256 2016), we often found more than two HLA alleles with reads mapped. This is likely a result of the 257 Table 1 | Search terms SRA query. The search terms used are listed in column 1, columns 2-4 are the selected filters, and column 5 is the number of returned datasets in the SRA database. Overlapping datasets from the different search terms were filtered out. 9 high sequence similarity of the different alleles from the same HLA gene. In order to make most 258 reliable HLA imputation we defined an R score as the ratio of the number of reads mapped to the 259 two most frequently observed HLA alleles over the number of reads mapped to all other alleles of 260 this gene ( Figure 5A ). We determined R for each of the six classical HLA loci in all 3,002 datasets. 261
Only HLA genes with an R score of two or higher were considered for HLA imputation (see Figure  262 5B). An individual was considered homozygotic at a given locus if at least ten reads aligned to the top 263 HLA allele and the second mapped allele had less than one fifth of the reads of the first. A locus was 264 considered heterozygotic if at least two alleles were found and the second mapped at least one fifth 265 of the reads of the first. Individual HLA loci may be in linkage disequilibrium with other loci (Hiller et al., 1978; Jeffreys et al., 280 2001) . To maximize the representation of the HLA profile, we only included datasets if the complete 281
HLA haplotype was assessed, resulting in two groups for the classical class I and II (n=127, n=309, 282
respectively, see Supplementary Tables 1 and 2) . 283 284
Quality control of our haplotyping approach was performed by comparing the population allele and 285 zygosity frequencies of our data with the NMDP 'High-Resolution HLA Alleles and Haplotypes in the 286 US Population' database (Maiers et al., 2007) . Data is extracted in September 2019. Based on the 287 dataset localities, we expect a majority of individuals in our datasets to be from European descent 288 (see Supplementary Table 1 and 2). Therefore, we compared our HLA frequencies with the cohort of 289
European origin in NMDP database. 290 291
HLA supertypes and Presented Peptidome Similarity Score (PPSS) 292
Most of the 450 haplotyped datasets had unique HLA profiles, reflective of the high population-level 293 diversity at the HLA loci. To increase statistical sensitivity, we performed two separate experiments 294 on the data. First, we clustered HLA-A and HLA-B alleles into six supertypes each (Sidney et al., 295 2008) . Second, we devised a Presented Peptidome Similarity Score (PPSS) between two haplotypes 296 to estimate the functional similarity in immune profile, based on the overlap in peptides presented 297 by their HLAs. To do this, first we created a peptidome dataset consisting of human gut bacterial 298 peptides sampled from the 9,878,647 proteins in the human gut catalogue (Li et al., 2014) . By using 299 a sliding window of length nine amino acids, we randomly included one in every thousand 300 oligopeptides into the peptidome and removed duplicates, resulting in a peptidome of 2,371,920 301
peptides. Next, we used NetMHCpan4.0 to predict which peptides were presented by each HLA class 302 The PPSS between two individuals i and j is defined as the summed Jaccard indices J g,ai,aj of the sets 306 of peptides presented by all combinations of the alleles ai and aj of HLA gene g (HLA-A, HLA-B, and 307 HLA-C). PPSS ranges from zero (no overlap between presented peptides) to twelve (presented 308 peptides are identical). The Jaccard based similarity of peptide pools presented of allele pair a,b, is 309 defined as the overlap of peptide pools (O a,b ) divided by the not shared peptide pools (Eq. 1). The J ab 310 scores between all two-digit alleles are shown in Supplementary Figure 2 . PPSS ij , the similarity of 311 peptide pools of the pair of individuals i and j, is defined by the allele pair similarity for all 312 combinations of alleles within one gene, added up for all three HLA genes (Eq.2). The distribution of 313 PPSS scores across all datasets is shown in Supplementary Figure 3 . 314
316
Supplementary Tables 3-5 contain the Jaccard indices for every pair of four-digit alleles for HLA gene 317
HLA-A, HLA-B, and HLA-C, respectively, allowing readers to readily calculate the PPSS upon HLA 318
haplotyping. 319 320
Alpha diversity 321
To assess alpha diversity, we used evenness and richness measures from the skbio.diversity.alpha 322 package (version 0.5.5, Scikit-bio development team, 2014). We did not rarefy the data, as this may 323 increase type I and II errors (McMurdie & Holmes, 2014) . We did not find a correlation between 324 dataset size and microbiome richness (r=0.027, P=0.16, Pearson), and therefore we assume that 325 dataset size does not bias our results. To approximate the number of different species in a sample, 326
we The microbiome evenness was calculated using Heip's evenness measure (E) (Eq. 4, Heip, 1974), 333 where H is the Shannon-Weiner entropy of the 16S reads and S is the number of OTUs in the 334 dataset: 335 336 − 1 − 1 337
For the comparison between the alpha diversity and the number of heterozygote genes, only the 338 fully classified datasets were used (Supplementary Table 1 and 2). In the analysis of the effect of 339 homozygous HLA genes on alpha diversity, all datasets with at least one homozygous gene(s) were 340
used. 341 342
Beta diversity 343
The microbiome similarity between individuals was calculated using two beta diversity measures: 344
weigthed UniFrac distance and Spearman's Rank correlation (Lozupone et al., 2011) . We adapted the 345 SILVA taxonomy with a branch length of one between taxonomic ranks and used these distances for 346 
